I. Introduction
The problem of studying a parameter over time where there is random error and systematic stochastic parameter change has posed significant problems in such areas as the analysis of consumer brand switching. Switching behavior has been examined in stochastic frameworks both explicitly and implicitly, and complex models have been developed in Markovian and learning frameworks to analyze sequences of consumer purchases (Farley and Kuehn [4] ). These models have used aggregate parameter estimation techniques in static frameworksthat is where underlying process parameters are assumed stable over a period of time. The stability assumptions have been necessary because no satisfactory inference techniques have been available to deal with parameter change.
Researchers have been aware of stability problems, and some work has been done on magnitudes of difficulties posed by instability (Frank [5] ). Some more recent models have explicitly incorporated a "mix" approach which attempts to segregate effects of temporal instability from tendencies to form a stable mix of purchases (as with cereals for different members of a family), (Kuehn [7] and Rohloff [10] ). Suppose, for example, the brand sequence history for a product reported by three members of a consumer panel in a period of time looked like this:
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(1)
Sequence (1) probably represents a household which divides its purchases evenly between two brands-perhaps between two smokers in a family who favor different brands of cigarettes and who smoke an equal amount. The mix occurs be- These types of problems have held up model building aimed at testing the effects on brand purchase sequences of various types of changes in merchandising variables-advertising, in-store merchandising, etc. Thus a useful step in the development of brand switching models is to develop statistical techniques to identify basic changes in underlying probability distributions generating discrete panel observations. As is often the case, a lead into this problem came from a seemingly unrelated field-tracking an unknown time-varg parameter in random noise. Part II of this paper lays out an estimation routine for a special class of such problems, while Part III discusses potential applications of the model to problems involving consumer switching behavior. It might happen, for example, that t* > tn and thus there is no jump in the mean during the sampling period. If to < t* < t1, then a jump occurs in the start of the record. Since t* is purely random, it can fall anywhere within the sample with equal probability for any interval. -y, the rate of occurrence of jumps, is the probability for each of the n events ti < t* < ti+1 for i = 0, **, Thus 57y is the probability of a change occurring during the observation period and the conditional probability distribution as to when the change occurs is uniform over the period. From (3 ), (4), (5), and (6), the vector jN + S10 with probability y 
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III. Applications to Brand Switching Problems
The techniques developed in the last section can be used to study parameter changes in hypothesized processes generating consumer panel data. We might, for example, take a sequence of purchases and divide it into a number of non-overlapping subsets. (When to sample and how to divide the sequences are important issues; while the techniques described here are useful in handling only the statistical problems, it will be shown later that some clues are available from the structure of the problem, about when to sample.) We might be interested, for example, in changes in the probability of a family's buying a particular brand, brand A. In each sub-sequence a variable Yi can be defined as 1 if A is purchased at the ith observation and as 0 otherwise. The statistic E1 Yi/r, where the summation is over the r observations in a given subset, can then be viewed as an observation of the variable X(t) needed for the analysis. Further, a binominal approximation argument leads to normal error associated with values of X (t) constructed in this way, for samples small enough to be manageable. An arscine transformation (Brownlee [1] ) provides, under the model, the required known variance-covariance matrix with 1/r on the diagonal and zeros elsewhere.
The inference model might then be used in two types of closely-related situations: 1) Investigation of various types of cross-sectional stability conditions. Tests can be developed, for example, to see whether A. = 0-that is whether there is no change in the mean purchase probability during some arbitrarily defined time period. This could lead to analyses of whether the mix of brands bought over a long period is stable with respect to shorter sub-periods. The same techniques might be even more useful in the study of store switching, where much more data are available for a short time period than for brand switching in any single product class. For these purposes, sampling might be on some natural basis like seasons, on the basis of some arbitrary time divisions such as three or six-month periods, or on the basis of some external data like the date of a change of address.
2) Another application for this model is to test "before and after conditions" where the test period is divided at a point in time when some type of shock has been introduced into the system-perhaps a special promotional campaign was launched. Here, we may even have some good idea about special properties of u. For instance, some influences may be subject to deterioration patterns, as with advertising effects where the effect of a given campaign may be monotone decreasing in t. Here 61(t) is the influence of a base rate of advertising, 02(t) is the influence of a new level of expenditure, and u is the effect attributable to a given campaign. One-shot advertising campaigns might thus be viewed as producing a value for 62 which declines exponentially in t, (Kuehn [7] ) while a pulsed type of advertising strategy may produce a series of exponentials.
Ultimately, this type of inference model may help improve methods for building and testing models of consumer brand choice behavior or conceptually similar processes like inventory systems with demand rates subject to random shocks. Inference models such as these are important steps in developing empirical tests for more complex models-an area where statistical inference has to some The error terms for F' are not precise enough to show the power of the method when y is a function of 1/n. However, more detailed analysis on the higher order terms in the Taylor series expansion with respect to n shows that the linear term contains most of the information about the parameters.
